Introduction
This study examines the potential benefits of efforts to convert inactive into active respondents in an ongoing longitudinal survey: the German Socio-Economic Panel Study (SOEP) . In recent years, fieldwork organizations have been faced with declining response rates for most surveys of individuals and households. This phenomenon is pronounced in a number of European countries. In a cross-national study, De Leeuw and de Heer (2002) conducted a meta-analysis of non-response trends in 16 European surveys over a 20-year period and found that the noncontact rate had increased on average by 0.2% per year and the refusal rate by 0.3% per year. These increasing non-response rates can affect the quality of survey estimates (Singer 2006 , Groves 2006 . If the likelihood of responding is strongly related to a variable of interest in the survey, the non-response bias for the respondent mean will be large (Groves et al. 2009, p. 189) .
Considerable resources have therefore been devoted to maximizing response rates and to reducing non-random non-response (selectivity) in surveys. Several response optimization techniques have been explored, including incentives for respondents (Singer 2002 ) and extended contact strategies for interviewers. One common fieldwork strategy is the conversion of non-respondents (referred to in the context of cross-sectional surveys as "refusers") into respondents (DeMaio 1980 , Stoop 2004 , Burton et al. 2006 . In this case, it is important to understand how converted cases affect survey results in terms of response rates and especially data quality (Retzer et al. 2004, p. 4,984) . Several studies have found no significant differences in results between respondents who never refused and converted refusers (Keeter 2000 and Curtin et al. 2000) , indicating that the efforts and costs of refusal conversion do not pay off because converted refusers have the same characteristics as regular respondents but are significantly more expensive to survey. Furthermore, Miller and Wedeking (2003) showed that the quality of the data from refusal conversion is inferior to data on respondents who never refused to participate. However, all these studies dealt with cross-sectional surveys and thus with individuals who had never participated in the respective survey: the problem was therefore to convert an unwilling person into a first-time respondent. The present study, in contrast, focuses on the benefits of conversion in the case of an ongoing longitudinal survey, the German Socio-Economic Panel Study (SOEP), and thus with individuals who have taken part at least once.
In ongoing longitudinal studies, fieldwork organizations often do not treat spontaneous unwillingness to participate as a final outcome but rather make further attempts to convince the individual to participate in the study again. Burton et al (2006) studied the extent to which BHPS sample members were successfully converted after a spontaneous non-response in one wave into respondents in subsequent waves, examining the effect of the conversion on 4 the sample composition and survey estimates. In our paper, we do not look at respondents who were successfully "converted" during the standard SOEP fieldwork but instead focus on former SOEP respondents who expressed unwillingness to take part in a subsequent wave and after several additional attempts by the fieldwork organization TNS Infratest Sozialforschung were treated as dropouts. In this study, we analyze the main reasons for non-response and examine which members of this group were willing to take part in the SOEP again after a "break." We explore the effect of including converted nonrespondents in the main SOEP again, also using selected substantive estimates to determine whether the effort to convert non-respondents pays off in terms of better research results.
Another aspect often disregarded in previous research is that the non-response process may vary by geographic location. There have been a few studies showing that the tendency to cooperate also depends on microgeographic characteristics of the sampled regions (Schräpler et al. 2010) . In our study, we do not use microgeographic characteristics but investigate instead whether non-respondents in the SOEP were geographically selective at the county level. We also take local geographic effects into account in our statistical models.
A Resurvey of Non-Respondents
The SOEP survey is a longitudinal representative survey collecting socio-economic information on private households in the Federal Republic of Germany (Wagner et al. 2007 ).
The SOEP infrastructure unit at DIW Berlin (German Institute for Economic Research) manages the SOEP study.
In the SOEP, all household members aged 16 and older are surveyed. The main purposes of the resurvey were:
-to explore how many former respondents to the SOEP would again be willing to take part in at least a short form of the survey -to explore the reasons for their non-response.
In the SOEP, non-response is declared a "temporary refusal" when several attempts were made and failed to persuade a respondent to participate in a particular wave. A temporary refusal is classified as a "dropout" if further attempts and contacts appear useless (HaiskenDeNew/Frick 2005, p. 164) . Table 1 In 2006, the fieldwork organization TNS Infratest Sozialforschung sent out a short two-sided questionnaire by mail to all 4,992 non-respondents during the years under consideration. In this letter, TNS underscored that if respondents were unwilling to participate in the survey this would be respected, but also said that the fieldwork phase was not yet completed and that TNS would like to know whether it had been conducted correctly. In the case that a respondent had been misclassified as unwilling to participate, TNS underscored that they would be happy to reactivate that individual as a survey participant. In Table 4 , we see the interview outcomes of the resurvey for the various SOEP subsamples. Figure 1 shows that participation in the resurvey is strongly related to respondents' age.
We see that a higher percentage of respondents aged 60 to 70 took part in the resurvey.
Furthermore, it comes as no surprise that the share of respondents in the category "deceased" increased with respondents' age. In Figure 3 , we examine interview outcomes in relation to the last reported equivalent household income of the respondent. We use quintiles to ensure the comparability over the different years of non-response. Figure 3 shows an almost linear increase of participation in the resurvey by equivalent income. High earners (5th quintile) have a response rate more than twice as high as low earners (1st quintile). This finding is important because it shows that the below-average participation rate of low-income households in the regular SOEP cannot be overcome by regular resurveying and efforts at non-respondent conversion. Since only one-third of those who were reinterviewed reported their main reasons for dropping out, we abstain from further analysis of this variable. The main goal of the study was to measure the percentage of conversions. Table 6 shows that of all former respondents classified as dropouts, approximately 14% could be convinced take part in the SOEP again.
This group can be referred to as "converted non-respondents" and will be investigated in more detail below. 
Modelling Strategy
Given our main goal of examining if there is a benefit of non-respondent conversion in a longitudinal study like the SOEP, we include county-specific spatially correlated random 10 effects to account for spatial heterogeneity that is not explained by other covariates (Fahrmeier and Lang 2001) . For our empirical analysis, we use geoadditive regression models which extend generalized linear and additive regression in a semi-parametric fashion to simultaneously incorporate linear and nonlinear nonparametric effects of usual covariates and spatial effects into a geoadditive predictor (Fahrmeir, Sagerer, and Sussmann 2007) .
The geographic information is given in spatially aggregated form, which means that we only know the living area or Kreis, which we refer to in the following as "district," of the SOEP respondent.
As an appropriate modelling tool, Fahrmeier and Lang (2001) (Brezger, Kneib, and Lang 2005) and is used for our analysis. We follow a three-step procedure:
1. In the first step, we explore the characteristics of the reinterviewed non-respondents and analyze which ones decided to participate again after several years, at least in a shortened version of the SOEP questionnaire.
2. In the second step, we examine the attrition process due to non-response (classified as dropouts) from wave to wave in sample F and estimate several cross-section models as well as longitudinal models for the attrition process.
3. In the last step, we explore the effect of conversions on sample composition and estimate a regression model on life satisfaction with and without the dropout conversions.
Semiparametric geoadditive models
For our analysis, we use geoadditive models. A detailed description of these regression models can be found in Fahrmeier et al. (2007) or Fahrmeier et al. (2009) . First, we assume regression data of the following form where i is a general observation index of the respondent, y is a binary response variable 3 (e.g. 1: final dropout, 0: re-interview), x is a vector of binary (e.g. sex) or continuous covariates (e.g. life satisfaction) with linear effects, z is a vector of continuous covariates with nonlinear effects (e.g. birth or size of household), and s is a discrete location variable for the geographic district from which the observation derives, and denotes the district (Kreis) where the respondent i lives. 3 In the last step of our analysis, the response variable y is a continuous variable, and we use a linear regression model.
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In a generalized linear model (GLMs), the conditional expectation of the response is linked to a linear combination of the covariates via a response function h, i.e.
Geoadditive regression models extend GLMs by generalizing the linear predictor to a geoadditive predictor.
The functions are nonlinear effects of continuous covariates . The functions will be approximated through penalized regression splines (P-splines), which were introduced by Eilers and Marx (1996) . 4 The function represents the geographic effect of the location variable s. As shown in Fahrmeier et al. (2007) , the function can be split up into the sum of structured (spatially correlated) and unstructured (uncorrelated) effects. The geographic effect can be seen as a substitute of several underlying unobserved influential factors, which may have structured (correlated) local (district_spatial) or unstructured (uncorrelated) global (district_random) spatial effects.
In most of our applications, we have a binary response variable y i where is the probability of the presence of an occasion of interest and an individual error term.
In the logistic case we will get where:
4 An application of P-splines in the context of nonresponse analyzes can be found in Seiler (2010) .
We use two different estimations procedures for our analysis. In the first step, we intend to estimate the participation in the resurvey of non-respondents and their willingness to participate in the SOEP again. In the second step, we estimate cross-sectional logit models for the attrition process due to non-response in sample F. In both cases, we use a generalized linear mixed-model (GLMM) approach and a restricted maximum likelihood (REML) to estimate the regression parameters (see Brezger et al. 2005 ).
In addition, we expand our attrition analysis to more complicated panel models and estimate models for the first four waves of sample F. The geoadditive predictor of these models takes the following form:
where is an individual-specific random effect. In the last step, we estimate a linear regression model on life satisfaction with and without the conversions and explore the effect of the inclusion of former non-respondents in the sample. For the panel model as well as the linear regression model, we use Markov Chain Monte Carlo (MCMC) simulation techniques (see Brezger et al. 2005) to estimate the regression parameters.
Modeling the probability of participation in the conversion study and the willingness to participate again in the SOEP
We start with the data from the conversion study and estimate two logit models, one to explore participation in the resurvey and the other to find an empirical explanation for the respondents' willingness to participate again in the SOEP.
For the analyses of participation in the resurvey, we use the following covariates:
 Variables for the respondents:
o "year of birth" indicates the age of the respondents (in years). o "sex" is the gender of the respondents (1 -men). o "Migration" indicates respondents' migration background (1 -migration background). o "life satisfaction" is measured on an 11-point scale and indicates respondents' current satisfaction with life. o "bad health" indicates the health status of the respondents (1 -bad health). o "family status" is a categorical variable which is split into the categories: married (living together), married (living separately), single, separated, and widowed. These categories are dummy variables.  Variables for the households: o "city" indicates if the respondent lives in a big city (more than 500,000 inhabitants). This information is stored in a dummy variable.
o "district" indicates the district (Kreis) in Germany. This location variable is used to explore the geographic effect, which is split into a structured and an unstructured effect.
The analysis of the willingness to participate again in the SOEP is based only on the participants in the resurvey (N = 907) 5 . From these persons, overall 715 (approximately 79%) agreed to participate again, at least in a shortened form of the SOEP. In the resurvey, the respondents were asked about their life satisfaction (measured on a 0-11 scale), health status (dummy variable) and family status. Table 7 shows the estimates of the parametric terms of the two logit models, the nonparametric terms are shown in Figures 4 and 5. First we discuss the estimates for participation in the conversion study. The parametric estimates correspond with the results of the descriptive analysis above. They suggest that 5 Due to missing values the sample size was reduced from N=927 to N=907.
14 migration background has a negative effect on the probability to participate in the resurvey.
The effects of the last stored equivalent household income, the year of birth, and the size of In Figure 5 the estimated smooth geographic effect is shown. Areas in dark grey indicate lower and areas in light grey higher participation rates than expected. These results give evidence of reverse area effects for respondents' participation in the resurvey and their willingness to participate again in the SOEP. Participation appears higher in the south and lower in the north, whereas the future participation is higher in the north and lower in the south. Nevertheless, these effects are not significant and, particularly in the case of the conversion, very small. Now, in the second step, we examine the attrition process due to non-response from wave to wave in sample F and estimate several cross-section models as well as longitudinal models for the attrition process.
Panel Attrition Due to Non-response in Sample F
The development of sample sizes and the attrition process due to non-response is well documented for all SOEP samples by the DIW Berlin (Kroh and Spieß 2008) . For our analysis, we concentrate on the panel attrition due to non-response in sample F. Table 8 shows the development for the first five waves. We select only households that participated in wave 1 of sample F. We see that the majority of the attrition process is caused by non-response, which is classified as "dropping out". The relationship between non-response and realized interviews started in wave 2 at 16.4% and declined to 6.8% in wave 5.
Modeling the probability of non-response vs. re-interviewing in Sample F
Our goal is to give an empirical explanation for non-response. We use the first four waves and define a response variable with 1 for "non-response" and 0 for a successfully conducted interview. In our analysis, we focus solely on non-respondents, hence temporary dropouts such as one-time refusals and respondents stating an interview was "not possible at the moment" as well as those who could not be reached for an interview are left out. Based on the household and interview characteristics measured at time t, we explore the probability of non-response vs. participation re-contacted at time t + 1. Kroh and Spieß (2008) o "district" indicates geographic district (statistical regions called "Kreise"
("counties")) Table 9 shows the variables that are parametrically estimated including all dummy variables such as sex, migration status, mail interview, and change of interviewer as well as the continuous variable "life satisfaction." From this, we see that a mail interview (wave 3 and 4) and a change of interviewer (wave 3) significantly increase the probability of being classified as "dropout" of SOEP sample F 6 . Furthermore, an increase in the reported life satisfaction of the respondent will lower the probability of non-participation (wave 2). These findings correspond with household-level findings on "dropouts" reported in Kroh and Spieß (2008) .
Estimates for the cross-sectional attrition model
The effects of the remaining continuous covariates are modelled by cubic P-splines. The estimates of the functions f(HH-Income), f(Size of Household) and f(year of birth), together with 80% and 95% pointwise confidence intervals, can be found in Figure 6 . The variable equivalent household income has a strong effect on the probability of being classified as dropout between wave 1 and wave 2. In the first quintile, we estimate an effect f(HH-Income = 1) = 0.12. The odds of dropping out therefore increase by the factor exp(0.12) = 1.127. In the last quintile, we estimate only an effect of f(HH-Income = 5) = -0.12. Hence, the odds decrease by the factor exp(-0.12) = 0.887 if all other variables in the model remain constant. With increasing quintiles of the equivalent household income, the chance of being classified as a dropout decreases; the narrow confidence intervals show the high accuracy of the estimates. However, this finding is not confirmed in subsequent waves. From wave 2 to 3, we find the lowest chance of being classified as a dropout in quintile 3 and higher chances in quintiles 1 and 5. From wave 3 to 4, the chance increases slightly with quintiles.
Nevertheless, we get broad confidence intervals in both cases, which suggests that these findings are not significant. Hence, we find only consistent and significant results from wave 1 to 2 for the equivalent household income.
Similar results can be found for the effect of household size. From wave 1 to 2, we can see that singles have the highest chance of being classified as dropouts and that the chance 20 declines with the size of the household. From wave 2 to 3, no significant effect can be found.
From wave 3 to 4, the chance is slightly lower for singles and smaller households.
Furthermore, we see a strong, nonlinear age effect from wave 1 to 2 and from wave 2 to 3. In both cases, the chance of being classified as a dropout increases from age 60 upwards.
As there are only few observations beyond the age of 80 (year of birth < 1920), confidence intervals become wider here. Nevertheless, the effects remain significant. In wave 3 to 4, no significant age effect can be observed.
The smooth geographic effect estimated in the models stands out in Figure 7 , with estimates between -0.341 and 0.416 from wave 1 to 2, -0.527 and 1.195 from wave 2 to 3 and -0.853 and 2.054 from wave 3 to 4. Areas in light grey indicate lower, and areas in dark grey higher dropout classification rates than expected. Underneath these maps, the areas that are significant on the 80% confidence interval level are shown. We see here that from wave 1 to 2, the dropout classification rates are significantly lower in the area around Berlin and higher than expected in southern Germany. 
Panel attrition models with and without inactive respondents who are willing to participate again
Now we intend to explore whether there is a change in the explanation of the panel attrition process due to dropout classifications in Sample F if formerly inactive respondents who are willing to participate again are treated as respondents. We pool the data from the first four waves of sample F and estimate several longitudinal logit models with random effects.
In the first model, we explore the probability of a respondent being classified as a dropout vs. becoming a participant again in the next wave (t + 1) in sample F. In the second and third models, we examine if there are significant predictors that could identify the converted participants and reveal differences between converts, participants, and final dropouts in the next wave. We therefore estimate the probability of being a converted non-respondent vs. regular respondent and the probability of being a converted non-respondent vs. a final dropout in the next wave.
In the fourth model, we switch the non-respondents who declared in the resurvey their willingness to participate again in the SOEP in our response variable from the group of nonrespondents (Y = 1) to the participants (Y = 0). Hence, we estimate the probability of adjusted non-response vs. participation in the next wave and explore if the conversion of inactive survey members has an effect. We change some parameters of the cross-sectional models slightly: For the longitudinal models, we assume that life satisfaction has a nonlinear effect on the response variables and that the predictor "size of the household" can be reduced to an indicator variable "SINGLE" with 1 -one-person household, 0 -otherwise.
Estimates of panel attrition models for the first four waves
The estimates for the parametric (Table 10 , columns 2 and 3) and nonparametric terms ( Figure 8a , row 1) of the first logit model in Table 10 confirm the results of the cross-sectional models in the previous section. The probability of a dropout classification increases with respondents' migration status (β = 0.306) and mail interview mode (β = 1.002) and decreases slightly with life satisfaction. Low household income (first quintile) and being over 80 years of age increase the dropout classification rates substantially. Again, we find a significant structured geographic effect ( Figure 9 , row 1). The dropout classification rates are significantly lower (light grey) than expected in the Berlin area and higher (dark grey) in the south of Germany. In the cross-sectional models, we see that this effect occurs mainly from wave 1 to 2.
The converted non-respondents have different characteristics than both participants and the final dropouts. The parametric estimates (Table 10, and Figure 8b , row 1) suggest that "converts" have higher life satisfaction and higher household incomes than participants and final dropouts. In both cases, the function for year of birth f(BIRTH) reaches its maximum at 1940, implying that the probability of being a converted survey member is highest for persons aged 66. Furthermore, Figure 9 shows that conversion rates are higher than expected in the south of Germany in the area around
Freiburg but that the effect is not significant. Overall, these results allow us to assume that the converted respondents differ both from final dropouts and from participants.
In the last logit model, we switched the inactive respondents who declared their willingness to participate again to the group of active respondents (Y = 0). Here, we treat the converted respondents as if they were not dropouts because they are again active respondents in the SOEP. Hence, we explore the probability for the adjusted dropouts vs.
participants. It is evident in this model that the positive migration effect and the nonlinear negative life satisfaction effect are slightly stronger than in the "unadjusted" case because converted respondents are mainly non-migrants, have a higher level of life satisfaction, and are treated here as participants. The negative relationship between equivalent household income and dropping out is significant and now almost linear. 
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The effect of including converted non-respondents in the SOEP on regression estimates for life satisfaction
In recent decades, life satisfaction has become one of the most widely used indicators of well-being. Research on this topic has uncovered internal and external determinants of life satisfaction (Schimmack and Lucas 2007) . Whereas the internal determinants are rooted in the human genetic makeup and biological dispositions, the external determinants refer to living conditions such as income, employment, and social relationships. It can be shown that some external determinants such as divorce, unemployment, and disability produce lasting changes in life satisfaction (Schimmack and Lucas 2007, Lucas et al. 2004) . no changes at all, we can conclude that the effort to convert final dropouts is not worthwhile, at least for this analysis.
For our analysis we again use semiparametric regression models. Life satisfaction is measured on an 11-point scale and can be treated as a continuous variable. The regressors are demographic variables like "year of birth," "sex," and "migration background" as well as "family status" and "subjective health," which is measured on a 5-point scale. Again, the 30 effects of year of birth as well as subjective health are estimated by nonparametric functions.
All other variables are categorical variables.
The parametric estimates are shown in Hence, we get a u-shaped function. We can see that the nonparametric functions are quite similar and that there are no differences between estimates with and without converted nonrespondents.
[95%] CI  In Figure 11 , we show the structural spatial effect of life satisfaction. In East Germany, the satisfaction values are significantly lower than in the western and southern parts of Germany.
32
This strong effect is more or less independent of the converted respondents. On the 90% confidence interval, we find three small local districts (Kreise) which are no longer significant in the model with the converted respondents. On the 80% confidence level, there are no differences at all. show that most of the participants in the conversion study are German and around 60 years of age on average. The participation rate increased with the quintiles of equivalent income.
Of these participants, 79% (14% of all recontacted non-respondents) were willing to participate in an active manner in the SOEP again, at least in a shortened version of the questionnaire.
Our research question was to explore whether in an ongoing panel study such a nonrespondent conversion matters. We focused our analysis on the attrition process and on regression estimates of life satisfaction.
First we examined whether the inclusion of converted respondents changes the attrition process in a positive way, and we switched the converted respondents from the group classified as dropouts to the group of active respondents.
The cross-sectional as well as the longitudinal analysis of the panel attrition process in SOEP's Sample F showed that mail interviews, a migration background, as well as age have a positive, and income and life satisfaction a negative effect on the probability of becoming a final dropout. Furthermore, the dropout classifications are geographically selective and the share in two southern German states (Bavaria and an area around Freiburg) is significantly higher than expected.
The converted respondents had different characteristics than the regular respondents as well as the final dropouts. Hence, there was hope that inclusion of these respondents would reduce the selection effect due to attrition. However, the converted respondents are mainly German, more often live in multiperson households, have on average a high life satisfaction and have on average a higher equivalent household income than the final dropouts.
Therefore, we conclude that we converted the "wrong" sample members. In addition, the conversion took place more often than expected (but not in a significant manner) in southwestern Germany, particularly in an area around Freiburg where a significantly higher share of non-respondents live. Indeed, the good news is that according to our results, conversion reverses this higher share of non-respondents in this area (whereas the significantly higher share of non-respondents in Bavaria still remains). The bad news is that the conversions do not level out the higher share of dropout classifications with a migration 35 background; instead, inclusion increases the migration bias because the converted nonrespondents are mainly Germans.
In our last analysis, we explored the influence of the conversion on regression estimates for life satisfaction. The relevant determinants for this response variable are available in the conversion study as well as in the regular SOEP. Overall we find only small differences in the estimates with and without the converted non-respondents. The parametric as well as the non-parametric estimates are quite similar and in line with our expectations. A small change in the parameters for gender lead to a significant value, and a few districts in East Germany are no longer lower than expected because of the slightly higher satisfaction of the converted non-respondents who are now included. Nevertheless, the mean value for life satisfaction is up the same to two decimal places with and without converted non-respondents.
In sum, we can conclude on the basis of our analyses that the effort to convert nonrespondents in the SOEP may slightly reduce the geographic selectivity of the attrition process but that it has no major effect on estimates of regression parameters for life satisfaction.
Finally we conclude that the "SOEP resurvey" shows that special efforts to convert inactive into active survey participants are relatively ineffective in two respects. First, the rate of successful conversions is low (about 15 percent). Second, the composition of the longitudinal file does not improve with respect to individual characteristics. The same groups that have a higher likelihood to be non-respondents in the regular SOEP (low-income respondents and respondents with migration background) show lower conversion rates as well. As a result, the final active file is even more selective than the regular file of SOEP respondents.
Due to the low conversion rate, not even the efficiency of the SOEP sample (the sample size) can be improved significantly by conversion efforts. The resurvey was an interesting and for survey methodological research important experiment, but it does not offer an effective means of improving the SOEP fieldwork.
